Data on tool use from O*Net's Tools and Technologies Supplement can, in conjunction with task-based measures, provide a new proxy for measuring and distinguishing general and specific skills at the occupational level. The tools and types of tools used in an occupation generate reasonable proxies for skill that vary across occupations and appear to capture features of occupations that differ from and complement task-based proxies for skill. Wage regressions indicate that job-specific tools, which correspond to particular occupations, are associated with higher pay. Non-specific tools correlate to lower-paying sales, service and administrative occupations. 
Introduction
Economists have long thought of human capital acquisition as a mix of general skills that are applicable across many jobs, and specific skills that have a disproportionate value to a particular job, occupation, or industry. The major limitation for this type of skill taxonomy is that specific skills are difficult to measure. Consequently, recent research has turned to identifying proxy measures of job-specific, occupation-specific, and industry-specific skills. The contribution of this paper is to propose that the tools used by workers in an occupation can serve as a new measure of occupation-specific skills.
Since it is difficult to identify concrete skill measures that are comparable across occupations (Cunningham and Mohr 2017) , a relatively recent literature attempts to isolate particular characteristics of occupations that correspond to job skills. These papers often employ what Autor (2013) describes as the "task approach" to measuring skills. The goal is to measure the task requirements of an occupation and then link those tasks to the skills of the workers.
1 Numerous authors have since uncovered new measures of tasks using a variety of data sources. A 2016 special issue in the Journal for Labour Market Research highlights measures of tasks in German (Rohrbach-Schmidt and Tiemann 2016), British (Green et al. 2016) , Spanish (Mane and Miravet 2016) and US data (Handel 2016a) .
We hypothesize that the tools used in an occupation are complementary to tasks. While a number of authors have focused on the link between information technology and the task content of occupations (e.g. Autor et al. 2003 Autor et al. , 2006 Goos and Manning 2007; Spitz-Oener 2006) , the literature has generally not studied other tools, beyond computers, used in work. An example illustrates how data on tools can provide new evidence to clarify distinctions made in this prior literature. One of the early and influential papers in this literature, Autor et al. (2003) , studies how computerization alters job skill demands. The authors show support for the hypothesis that computers are substitutes for routine tasks, which require following explicit rules, and complements to cognitive tasks that involve problem solving or complex communication.
Page 2 of 11 Cunningham and Mohr J Labour Market Res (2019) 53:6 We contend that information about a wide range of tools can provide deeper information about the particular products that might substitute for or complement specific types of tasks. Some commonly-used tools observed in our data include items like bar code readers, cash registers, and credit card readers, all of which we would expect to be associated with routine tasks. Other general tools like personal digital assistants or special purpose telephones might be complementary to cognitive tasks. Our descriptive statistics identify how the mean value of indices that characterize the tasks required of an occupation vary with the types of tools used in that occupation. The contribution of this essay is to analyze tool use, especially those tools that are unique to a small number of occupations, to better categorize the skill requirements of various jobs. Tools relate closely to skills, since the mastery of any particular tool is a skill. The variation of tools across occupations allows a natural way to categorize these skills in terms of their specificity. Some tools (e.g. hammers, computers, or fax machines) are generalist and used in a wide range of occupations. Many other tools are very specific and used only in a very narrow range of occupations. The job-specific human capital these tools represent may indicate higher replacement costs of workers, and thus workers might earn higher wages; but alternatively, such job-specific human capital indicates fewer outside alternatives, which might lead to lower wages. Additionally, workers using outdated or obsolete tools may have developed particular complementary skills that compensate for the tools' weaknesses, which might be beneficial to this job but not transferable. Therefore it is an empirical question whether workers using job-specific tools will earn a wage premium for that skill. We show that the types of tools used in a particular occupation provide a measure for skills that correlates both to the task requirements of a job and to wages. Very few prior papers use data from a wide range of tools or technologies. Handel (2016a) highlights the need for better measures of tools and technologies, and presents survey data from US workers to measure the use of heavy machinery and machine tools as well as related skills like machine set-up and repair or the programming and operation of robots. Snower and Goerlich (2013) use data about the use of approximately 30 tools to study the relationship between multitasking and wages.
The regression analyses in this paper study the role of tool use in determining occupational wage premiums. Our approach relies on measuring the number of tools typically used in an occupation as well as measuring the number of job-specific tools that are used only in a narrow range of occupations. We report how tool use correlates to more commonly used measures of job tasks. We then test whether tool use helps explain wages at the occupation level. In particular, we ask if the either the aggregate number of tools or the number of job-specific tools correlates to wages, and if that relationship varies by the type of occupation.
The remainder of this paper is organized as follows. Section 2 discusses several theoretical and conceptual issues relevant to our empirical analyses. Section 3 discusses the O*NET data and develops a measure of tool specificity. Section 4 studies the relationship between tool specificity and wages. Section 5 concludes.
Conceptual discussion
A Mincer wage regression is the most common way to measure returns to skill. Such a regression typically takes the form:
where w i represents the wage for worker i, S i measures educational attainment, T i measures either age or experience, and X i is a vector of individual-level covariates like gender or race. In its simplest form, this regression uses schooling and experience to proxy for skills. Since these measures are not specific to occupations, a major challenge is to measure the particular skills needed in individual jobs.
Economists have proposed a number of measures that may proxy for the skill requirements of work, including information about specific job tasks (Autor and Handel 2013) , requirements of occupations (Levenson and Zoghi 2010) , or in the case of this paper, tools. Unfortunately, including any of these proxies directly into a wage regression can lead to another source of bias. A reduced-form expression like Eq. 1 does not control for selection into occupations. Estimating the equation with either tasks or tools included individually would quite likely produce negative coefficients for those tasks or tools that are used frequently at low-wage jobs and less frequently at highwage jobs. Such a cross-sectional result would of course not mean that acquiring the skills to perform a given task or use a given tool negatively affects wages.
In cross-sectional data where the proxy for skill is measured only at the occupational level the potential for biased estimators in a Mincer wage regression can't be eliminated. One option is to develop alternative models for the relationship between wages and skills, as in Autor and Handel (2013) or Firpo et al. (2011) , but such models still require variation at the individual level and may have relatively weak testable implications. Barring the Cunningham and Mohr J Labour Market Res (2019) 53:6 use of such an alternative model, one must acknowledge the limitations of including the skill proxies in the wage regression, summarize the bundle of task or tool measures into a small number of indices that are hopefully less susceptible to bias, and proceed with the knowledge that such an imperfect measure is likely better than failing to include proxies for specific skills at all.
In order to assess the validity of tool use as a measure of skills, we start by counting the total number of tools used in an occupation and we define measures to identify job-specific and general tools. We explore the relationship between tool specificity and characteristics of occupations and show that the measures of tool use correlate to established, task-based, proxies for skill. We study how the inclusion of tools in a wage regression helps explain occupational wage differentials.
Data and descriptive statistics
Occupation-specific information comes from the 2010 Occupational Information Network (O*Net, or ONET) database, which is compiled by the US Department of Labor and contains a broad range of descriptors for various occupations. Although many prior studies use these data, work in economics has to our knowledge failed to exploit the Tools and Technologies Supplement (T2), which contains a thorough inventory of the tools used in particular occupations. An important limitation is that O*Net does not measure variation within occupations, so it does not indicate how intensively a particular tool is used, the age of the tools, or what proportion of workers within an occupation use a given tool. Hence, the data allow us to study the occupational-level relationship to wages but do not allow us to identify heterogeneity in tool use or job tasks within an occupation (see Handel 2016b for additional discussion of O*Net and T2).
The Department of Labor's O*Net database collects data on 774 "high demand" occupations. Dierdorff et al. (2006) (Dierdorff et al. 2006) By definition, tools must be proxies for occupation-specific skills, since they "have an expectation of a training requirement, " a requirement that is occupation-specific. The 2010 O*Net data contain 3271 tools that workers need to perform their occupations.
Because workplace tools are also products purchased by businesses, they are listed in the United Nations Standard Products and Services Code (UNSPSC) and classified within the T2 using a taxonomy that categorizes each tool by "commodity, " "class, " "family" and "segment. " The basic design rule of this taxonomy is to group tools with a "common function, purpose or task" (Granada Research 2001) . For example, the tool "livestock scales" belongs to the class "weight measuring instruments, " the family "measuring and observing and testing instruments" and segment, "laboratory and measuring and observing and testing equipment. " Importantly for our purposes, the UNSPSC taxonomy is based on the product features of the tool, rather than an attempt to classify tools according to occupation or skill. In a retail setting, tools in the same family or class would likely be located in a common aisle. Thus, the taxonomy provides a measure, separate and independent from other skill measures, which we can link to job tasks; particular segments of tools may be more complementary to particular types of tasks. Furthermore, tools within the same segment may require similar skills, so that the number of tool segments (rather than the number of tools) can control for the diversity of skills in an occupation.
The average number of tools and tool families used per job, by major occupation (weighted by 2010 American Community Survey employment totals), is summarized in Table 1. 2 The average worker uses nearly 58 different tools; while many of these may be quite similar to one another, as in bolt cutters, cable cutters and wire cutters, the average worker also uses approximately 13 different families of tools (e.g. hand tools or heavy construction machinery and equipment). At both levels of aggregation there are large differences by major occupation. Far fewer tools are used in sales, service and administrative occupations relative to the blue-collar occupations. Although not shown in the table, there is also significant variation within the broad occupational categories. For example, workers in service occupations use far more tools than workers in administrative positions. Economists use just six tools: desktop calculators, desktop computers, mainframe computers, notebook computers, personal computers and scanners. Cunningham and Mohr J Labour Market Res (2019) 53:6 Given the training requirements associated with the tools in the T2 supplement, the mastery of the tools of an occupation represents a form of human capital. In occupations that use many tools or job-specific tools, this human capital is likely to be occupation-specific. If a given occupation tends to use tools that are more general, meaning that many workers in other occupations use the very same tools, then this human capital is not occupation-specific. To define tool specificity we weight each occupation with respect to its employment level (using the 2010 American Community Survey) and then calculate the percentage of workers outside of a given occupation that use a particular tool.
Choosing the precise threshold (i.e. the percentage of workers using a tool) to label a tool as either jobspecific or general is somewhat arbitrary, but our goal is to define these terms in a way that is both true to their meanings (i.e. job-specific tools are closely associated to particular occupations) and also assures sufficient variation across occupations. Figure 1 shows the distribution of other tool users across tools. Nearly 40% of the tools in T2 are used by 0-2% of other workers. Based on this natural break in the data, it seems reasonable to define a job-specific tool as one that is used by less than 2% of other workers. Since our goal, though, is to measure wages for workers based on their use of job-specific tools, we want to ensure that the threshold we select gives us enough variation across workers. We therefore consider how a slightly higher or lower threshold would affect the number of workers identified as using job-specific tools. As indicated in appendix Table 8 , half of all workers use between 0 and 3 job-specific tools when we apply the most restrictive definition (used by less than .5% of workers outside of that occupation) of "job-specific". That value increases rapidly as we vary the threshold for specificity by ½ percentage point increments. Ultimately, we choose to define a job-specific tool as one that is used by between 0% and 2% of workers outside of that occupation. As shown in row 4 of Table 8 , this definition ensures substantial variation in the number of such tools across workers; 90% of all workers (945,708 of 1,048,107) and 84% of all occupations (252 of 300) in our sample use at least one specific tool. We define a general tool as one that is used by at least 15% of all workers outside of that occupation.
The bottom section of Table 1 shows the number of job-specific and general tools by major occupation. Of the 58 tools used by a typical worker, 23 are specific and 10 are general. There is significant variation in the number of job-specific tools used across occupation groups. Blue collar workers use the most tools, the majority of which are job-specific.
Only 37 tools meet the definition of "general, " meaning that more than 15% of workers observed in the American Community Survey use them. Table 1 suggests less variation in general tools. Since expertise in general tools may proxy for general human capital that is valuable across numerous occupations, we list these tools individually in Table 2 . The most commonly used tools are computers, Table 2 indicates a diverse set of tools associated with general human capital. In addition to providing information about tool use, O*Net data also provide direct information about the cognitive and manual requirements and physical risks associated with occupations. Acemoglu and Autor (2011) and Autor and Handel (2013) identify particular O*Net measures to create additive indices of the task requirements of jobs. Based on the description in Acemoglu and Autor (2011), we replicate four indices, which they name Non-routine cognitive, Routine cognitive; Routine manual; and Non-routine manual. Cognitive occupations emphasize analytical, creative and interpersonal skills. Occupations that score highly on the routine measure emphasize repetition, pace, accuracy and the control of machines or processes. Each index is created by summing the responses of between three and seven specific scaled measures of tasks.
4 In addition to the task indices, we use the same methodology to create an index to measure the physical risks of work. We control for risk since wages may reflect a compensating differential, and the use of tools are likely to correlate to the risk of injury. Table 3 presents correlation coefficients between the tools used in an occupation, the task-based indices, and risk. The high correlation between the total number of tools and the number of job-specific tools is to some extent an artifact of how the measures are created. There are few general tools, some of which (like computers) are used by nearly all workers, so much of the variation in tool use is driven by the variation in job-specific tools. The correlations between the task indices and the three measures of tool use range from − .09 to .27. All three measures of tool use are positively correlated to non-routine cognitive tasks. We interpret this correlation to indicate that a worker who uses many different tools is less likely to have a job that is repetitive or easily automated. If the worker must decide which tools or combinations of tools are appropriate for a particular situation, then such decision-making is a cognitive task. Labour Market Res (2019) 53:6 Although the correlations between the number of tools used and the other three task indices are low, task indices do vary with the types of tools used. Table 4 explores the relationship between tool segments (the broadest categorization of tools in the UNSPSC taxonomy) and task indices. An individual cell indicates the mean value of a task index for workers in occupations that use at least one tool from a given segment. Because task indices are normalized to have a population mean of zero and a standard deviation of one, the magnitudes in the table are easy to interpret; values greater than .5 in absolute value are italicized. Many segments have a strong positive association to the non-routine manual or routine manual task indices. Tools may proxy better for skills where tasks tend to have "blind spots", i.e. in blue-collar occupations; and vice versa, task indices may proxy better where cognitive requirements are important, and tools tend to be less discriminative, i.e. within professional or managerial jobs. Although not depicted in the table, the relationship between the types of tools used and the task indices also holds at the level of individual tools. For example, workers using at least one of three of the tools discussed in the introduction, bar code readers, cash registers, and credit card readers, have higher mean values for the two indices identifying routine tasks. Individuals using personal digital assistants or special purpose telephones have higher values for the indices identifying cognitive tasks.
Results and discussion
In order to link tool use to wages, we draw individuallevel data on hourly wages, demographic information, and occupation from the 2010 American Community Survey. 5 We estimate a wage regression, as described in Eq. (1), and include the following occupation-specific measures: indices for cognitive, non-routine, or risky occupations, the total number of tools along with its square term, the number of job-specific tools, and the number of job-specific tools squared. We control for the standard worker demographic variables: age, education, race, gender, disability and marital status. We exclude managers, who use very few tools overall and have no tools that are specific to their occupation. Since the task indices and the use of tools vary only by occupation, standard errors are clustered; coefficients therefore indicate occupation-level differences. Table 5 shows the results of five different OLS estimations for a wage regression, where the log of weekly wages is the dependent variable. The first column uses the full population of workers, excluding managers. This regression estimates Eq. (1) including task and risk indices, the total number of tools, and the number of tools squared. Because we hypothesize that job-specific tools will best proxy the portion of human capital connected to an occupation, we add the number of job-specific tools (still controlling for all other tools used) as an explanatory variable in column 2. Next, we partition the data by major occupation group into professional; sales, service and administrative; and blue collar occupations and report these results in columns 3-5.
Column 1 of Table 5 indicates no statistically significant relationship between the number of tools used in an occupation and the occupational level wage premium in a model that pools occupations. Column 2 shows that occupational wages do correlate positively to the number of job-specific tools. Workers who must learn and master numerous tools specific to their jobs earn a wage premium. Control variables for worker's demographic characteristics and the measures for the tasks and risks associated with an occupation have signs and significance levels that are largely consistent with prior work. Amongst professional and blue-collar workers, where job-specific tool use is highest, we hypothesize that the mastery of tools is an important aspect of occupationspecific human capital. The results in columns 3 and 5 support this hypothesis; the coefficient on the number of job-specific tools is statistically significant and positive in both cases. Evaluating the marginal effects for the full sample, professional and blue collar workers at the respective sample means of 22.8, 48.6, and 23.0 jobspecific tools (see Table 1 ), suggests a modest but economically meaningful relationship. An increase of 10 job-specific tools, holding all else constant, would correspond to an increase in predicted earnings of 3.8%, 6.2%, and 2.5% for the full sample, professional, and blue-collar workers, respectively. For sales, service and administrative workers, who typically use fewer tools overall, most of which are general, job-specific tools are not correlated to wages. The total number of tools used, conditional on job-specific tools, correlates negatively to wages. This suggests that the non-specific tools used in this sector are not complementary to skills. Page 8 of 11 Cunningham and Mohr J Labour Market Res (2019) 53:6 In order to further explore the relationship between the number of job-specific tools used in an occupation and wages, we estimate regressions for nine subsamples and report results in Table 6 . We start by partitioning the full sample by gender, since participation in tool-intensive occupations often differs by gender. Many tool-intensive Page 9 of 11 Cunningham and Mohr J Labour Market Res (2019) 53:6 blue-collar occupations are predominantly male. Several tool-intensive professional and service occupations, in particular in health care and nursing, are predominantly female. The remaining seven regressions reported in Table 6 estimate the relationship between tool use and wages for each of the major occupations within the sales, service, and administrative, and blue-collar designations. While these regressions are useful in identifying whether statistically significant results are driven by particular major occupations, such disaggregation comes at a cost. Our source of variation is across 3-digit occupations, and each major occupation contains only a small number of 3-digit occupation codes. For this reason, we exclude Farming, Fishing and Forestry, which has only six occupations. The number of 3-digit occupation clusters for each remaining subsample is shown in Table 6 . Table 6 is split into two sections (top and bottom of the table) and reports results from 9 different regressions. Each regression uses a full set of control variables, including the task, risk, and demographic measures from Table 5 , but we report only the coefficients on the number of job-specific tools, the total number of tools, and their squared terms. The first two columns at the top of the table report results for the male and female subsamples, the remaining three columns at the top of the table report results separately for sales, service and administrative occupations, and the four columns at the bottom of the table report results for four of the major blue-collar occupations.
The results in Table 6 are mostly consistent with the hypothesis that any wage premium associated with tool use is most likely to be linked to job-specific tools. Amongst the 7 regressions partitioning the sample by major occupation, the coefficient for job-specific tools has a positive sign 5 times. Not surprisingly, given the small number of occupations in each regression, coefficients are generally not statistically significant. Marginal effects (not reported) match the coefficients in sign and statistical significance. The coefficient on the total number of tools, which given the control for job-specific tools captures variation in tools that are used across multiple occupations, is negative in all five regressions in the top section of the table. This is consistent with Table 5 and suggests that, although the human capital afforded by such tool mastery is widely transferable, it is not specific enough to generate a wage premium outside of a few blue-collar occupations.
Given that Tables 5 and 6 report statistical significance of job-specific tools, we check whether our results are sensitive to how we define the term job-specific. Instead of defining a job-specific tool as one that is used by less than 2% of workers outside of an occupation, we allow the definition to vary in .5% point increments, as in Table 8 , ranging from .5 to 5% of workers outside of an occupation. These alternate definitions of specificity produce results consistent with our conclusion that job-specific tools are associated with wage premiums. Figure 2 shows the marginal effects of job-specific tools, evaluated at 22.8 tools, using a wage regression with the full population of workers (i.e. the specification used in column 2 of Table 5 ). The far left spike represents the 90% confidence interval using the definition of specificity which requires that no more than .5% of workers outside of an occupation use the tool, the second spike uses the definition that no more than 1% of workers outside of the occupation use the tool, etc. The positive relationship between wages and job-specific tools is robust for values near or below our chosen threshold of 2%, but that magnitude and statistical significance declines as the definition becomes less restrictive.
A final set of regressions revisits the implications of Tables 5 and 6 using specifications that do not require defining job-specific tools. We reconsider columns 2-5 of Table 5 . Instead of including job-specific tools, we include only the total number of tools and control for either the generality or diversity of tools. The number of general tools measures generality; the number of tool segments measures diversity. Using tools from multiple different segments may be an indication that a worker's skills are diverse and therefore more general. Given the prior results, we expect that coefficients on the number of general tools or the number of tool segments will be insignificant or negative, indicating no occupational wage premiums for these general skills. Given the control for generality or diversity, the remaining variation in the number of tools used in an occupation will now indicate variation in occupation-specific skills. Therefore, we expect the number of tools to be more positively correlated to wages. Table 7 reports results. The four columns at the top of the table control for the number of general tools. The Cunningham and Mohr J Labour Market Res (2019) 53:6 four columns at the bottom of the table control for the number of tool segments. Coefficients on the measures of generality and diversity are insignificant or negative. The number of tools is now positively associated with wages for professional and blue-collar workers. The coefficient on the number of tools for sales, service and administrative occupations, which use few tools, are contrary to our expectation but similar to those in Table 5 . We perform several additional robustness checks using alternate measures for job-specific tools applied to the specifications presented in Table 5 . First, we include as a regressor the proportion, not number, of job-specific tools within an occupation. Second, we redefine the term job-specific by professional; sales, service and administrative; and blue collar occupations. In other words, a tool is defined as specific for a blue-collar occupation only if it used by few other blue-collar workers, rather than few workers overall. These alternate specifications produce results consistent with our main findings. The percentage and number of job-specific tools typically have positive associations with wages, with the highest levels of statistical significance for the full sample and professional occupations.
Conclusions
Economists have long understood the importance of distinguishing general from specific skills. One particularly promising approach to measuring specific skills at the occupation level is to study the tasks associated with each occupation. We show that task-based measures can be extended and potentially improved by supplementing these measures with information about tool use. Tool use measures allow us to generate a new measure for skill that varies across occupations. Correlation coefficients indicate that tool-use measures are likely to capture features of occupations that differ from task-based proxies for skill. Wage regressions indicate that the number of tools used in an occupation, especially those tools that are specific to an occupation, explain some of the occupational-level variation in wages. For most major occupation groups, the number of job-specific tools, those used by 2% or fewer of all workers outside of an occupation, are associated with higher paying occupations.
While our work indicates the potential for using detailed information about tools to identify occupationspecific and general skills, it also suggests that tool mastery is only one aspect of a worker's human capital and its relative value will differ with occupational characteristics. The link between tool use and skill requirements might also be affected by the investment policies of firms: When firms use their tools and machines for long periods and workers have to cope with outworn or technically obsolete tools, this might lead to higher skill requirements; workers have to, so to say, complement for the tools' weaknesses. In our regression results, the relationship between tool use and wages differs by occupation type. Sales, service and administrative occupations use few tools and the most valuable human capital is in the mastery of cognitive and abstract tasks. In professional and blue-collar occupations, tool mastery, as measured by the number of job-specific tools used, is likely to be a valuable form of human capital. Page 11 of 11 Cunningham and Mohr J Labour Market Res (2019) 53:6 
